This paper presents a methodology to evaluate the degree of uncertainty of basement fracture reservoir performances when a reservoir has special events like water-breakthrough. Basement fracture reservoir is a particular feature with water-cut performances compared to other common reservoirs due to extremely high fracture permeability and heterogeneity of reservoir properties.
INTRODUCTION
Uncertainty analysis is an essential procedure to make numerous decisions for reservoir management and investment for petroleum E&P companies. In the beginning stage of oil and gas developments, geoscientists try to capture characteristics of a reservoir using well data and geological information including seismic interpretation. This kind of pure geological model can be used to predict reservoir performances to design field's development plan.
However, once a production from the field starts the model should be modified to match production data like bottom hole pressure (BHP) and water-cut data. From history matching (HM) processes, one can find a proper geological model reflecting production data with modification of near wellbore's reservoir properties like permeability and porosity. With one model derived from HM processes, people may get a better model than the original one, but cannot extract reliable ranges of future reservoir performances.
The uncertainty in reservoir models comes from the non-uniqueness of the solution due to lack of data compared to unknown parameters (i.e., reservoir and fluid properties). Reservoir engineers focus on the uncertainty evaluation of reservoir simulation models and how to reduce it to have a better decision making on reservoir management and investment. Becerra et al. (2012) emphasize that a set of solutions that represent the observed data may lead to different prediction scenarios.
HM process is an optimization process to minimize the error between the observed data such as reservoir pressures and water-cut and simulated data from reservoir simulation. Therefore, various optimization techniques have been applied for HM. Among them, we use a genetic algorithm (GA) to be free from local minimization problem. Although GAs take long time to get an optimized model, they can be applied to wide ranges of initial uncertain parameters without a doubt of a failure of the optimization.
In typical sandstone and carbonate reservoirs, numerous researches have been done for history matching and uncertainty analyses (Jang and Choe, 2002; Jang et al., 2007; Ki and Choe, 2009; Jung and Choe, 2012) . However, basement fracture reservoir has a difficulty in matching production data due to extreme heterogeneity of permeability and porosity and unpredictable water behaviors after water-breakthrough. Therefore, proper assumptions may be needed for successful HM.
There have been lots of attempts to integrate uncertainty analysis with production data. Schiozer et al. (2005) presented a methodology to use an uncertainty analysis for HM. Reis (2006) showed that Response Surface Modeling respecting production history improves the quality of risk analysis by constraining possible ranges of uncertain parameters. Lisboa and Duarte (2010) studied the merit of using good history matching results as input to Monte-Carlo simulation. Maschio et al. (2009) also demonstrated that the use of observed data as constraints can reduce the uncertainty of reservoir parameters by redefining the attribute values and provide reliable prediction through reservoir simulation.
Multiple generations of reservoir models are needed to prepare a training set to configure a neural network (NN) model. In this paper, we train a NN model using a high quality history matching (HQHM) models and then extract proxy models to estimate the uncertainty of estimated ultimate recovery (EUR) via Monte-Carlo simulation. The EUR can be presented in terms of probabilistic ranges like P10, P50 and P90. The proposed methodology is applied to a real field with different levels of production data to evaluate effects of critical events like water-breakthrough in a well on reservoir performances.
METHODOLOGY 2.1. Selection of reservoir parameters for history matching
In this study, the response parameters to be matched are BHP and water-cut of 6 wells from a real field in Vietnam. In order to match these data, we select local permeabilities around each well and the size and influx rate of aquifers as uncertain parameters. Original distributions of permeability and porosity are presented in Figure 1a and 1b, respectively.
The values of permeability around each well are modified from initial values using the multiplier varying between 0.001 and 50, but the area to be affected by this modification is restricted, for not changing overall behavior of reservoir fluids. Watercut performances are mainly affected by aquifer parameters, which include aquifer size and influx rate. Basement fracture reservoir shows unexpected and dramatic water-cut performances once water-breakthrough happens to a well. This peculiarity of basement fracture reservoir requires an assumption for relative permeability curve.
Relative permeability curve is typically determined from core samples in a laboratory. For a conventional reservoir, the curve obtained is supposed to be used in reservoir simulation without modification. It does not vary according to each grid. However, the relative permeability needs to be assigned to each grid in order to match particular performances of water in a basement fracture reservoir.
In this paper, we propose an effective assumption for the distribution of relative permeability according to porosity. We assume that a cell with smaller porosity has a narrower range of water saturation for which oil is movable. Figure 1c shows the distribution of critical oil-in-water saturation. Even though the geological model is changeable to reflect a production data, the back-bone features such as fractures distribution and sizes obtained from seismic interpretation should be honored in order not to disturb the full field performances.
Evaluation of history matching quality
In general, an objective function for optimization needs to be specified depending on the characteristic of the parameters. The objective function for history matching consists of the difference between mismatching parameters, which mean the simulated and observed data such as flowing BHP, water-cut in terms of well or field. Uncertainty analysis for EUR consists of the watch parameter of total oil production at the end of simulation. King et al. (2005) presented a concept about the quality of history matching and used it to have more reliable risk analysis. In this study, similar concept is used to configure high quality proxy models for EUR estimation. The uncertain parameters are updated while the discrepancy between simulated and history evolves to global minimum. Total 6 wells' BHP and water-cut data are used for history matching and EUR of the field is considered as the parameter to be modeled from proxy models using HQHM models.
Genetic algorithm as an optimization method
Genetic algorithms are categorized to a class of stochastic search techniques. It mimics the natural evolution through selection, cross-over, mutation, and recombination. GA utilizes and maintains a population of potential solution from the search space. For a next generation to be tested, GA uses a pair of parent solution by re-combination and/or cross-over, which mean inheritance of some properties from parent to child. Survival of the fittest can be applied to optimization by the selection process based on the fitness of the objective function. Figure 2 shows the gradual convergence of the objective function through GA optimization. In this study, we use GA with real genomes which considers the best objective values out of last 20 generations. The number of generations is 20 and 90% crossover and 5% mutation are set to the optimization scheme. Mutation is one of methods to maintain the diversity in the population to escape from local minimum.
Neural network for a proxy modeling
In this study, neural network model is used to generate proxy models of EUR estimation for uncertainty analysis. NN generates a non-linear statistical relation between uncertain parameters and output data defined in the simulation. Since NN modeling is based on a learning process, we need to prepare training data set from experimental simulations. When we train the NN model, we only utilize data set composed of HQHM models. Figure 3 shows the quality of NN model employed to evaluate the uncertainty of EUR. The accuracy coefficient of this proxy model is 98%. invisible sub-seismic fault. From the visible fault defined in the seismic section, Halo model estimates the distribution of the sub-seismic faults and aperture sizes along the depth and width. Equivalent grid system to describe a fracture network is established to use a reservoir simulator (Eclipse 100). From the reservoir pressure behaviors, aquifer support is expected and considered with uncertainty in the simulation model. Though SCAL table is available from the lab analysis, variable relative permeability relationship according to porosity is assumed to match particular behaviors of the formation water.
HM process is conducted to get good equivalent models to match 6 historical BHPs and water-cut data. Figure 4 shows experiment results from initial assumptions of uncertain parameters. From these experiments, the uncertain ranges of parameters are narrowed to have better HM results efficiently. Figure 5a shows the best 15 cases among several hundreds of realizations. One well began the production from 2007 and the others started the production from April of 2011.
We could obtain good HM results for the production history until end of May 2011. Then we predict future performance (Fig. 5b) and EUR (Fig. 5c) . Although we get an 400 Uncertainty analyses of basement fracture reservoir performances using proxy models with high-quality history matching excellent history matching of the observed data, the future performances still have high uncertainty in the field oil production rate and EUR, because most of the production wells in this field are in the beginning stage. Figure 6 is the box plot of EUR generated by Monte-Carlo simulation with 10,000 realizations using proxy models, which shows wide range of the EUR estimation. Additional production data as of 31 st Oct. 2011 were acquired and waterbreakthrough occurred in a well during this period. The same procedures are applied to evaluate the effects of the additional production data and water-breakthrough on reservoir performance and EUR. Figure 7a and 7c). Proxy models are established using these 15 models and the quality of the proxy models is very good checked with the cross-plot of EURs by full reservoir simulations (Fig. 8) . Compared to Figure 6 , the uncertainties in oil production rate and EUR decrease as production history accumulates and some special events like waterbreakthrough happen to the reservoir (Fig. 9) .
Optimization of an infill well performances
Among 15 reservoir models derived from the HM process, 4 representative models are selected to evaluate optimal production rate when we drill an infill well. The flow rate of the infill well varies from 1,200 to 3,000 BLPD and the purpose of the optimization is to maximize the oil production of this field from the 7 wells including the infill well. Figure 10a and 10b show the total oil production of the infill well and this field, respectively. Figure 10c is the degree of uncertainty in EUR from the infill well. It varies largely depending on the production liquid rates and is also affected by the reservoir models. The production condition for the optimization of the infill well alone may not be helpful to maximize the total oil production in terms of field. 406 Uncertainty analyses of basement fracture reservoir performances using proxy models with high-quality history matching 
CONCLUSIONS
This paper proposes the use of high quality history matching models to configure proxy models to evaluate the uncertainty of reservoir performances. The application to a real field in Vietnam shows efficiency and reliability to predict the uncertainty contained in the reservoir models. History matching is a time-consuming and difficult process, especially for a basement fracture reservoir. It has high heterogeneity of reservoir properties and unique water-cut behaviors. In order to tide over the difficulty of HM in basement fracture reservoir, we propose the use of relative permeability changing by porosity to allow the sharp increase of water-cut after water-breakthrough.
Though we obtain high quality history matching results from the optimization process, the uncertainty analyses require lots of efforts and time to have a range of EUR at the end, if we use full reservoir simulations. However, generation of reliable proxy models using neural network makes it possible to investigate the uncertainty of EUR depending on reservoir parameters and production scheme.
From the field application of the proposed method, we conclude that history matching itself in basement fracture reservoir experienced water-breakthrough is challenging and uncertainty analyses should be repeated when water-breakthrough occurs in a well, because it will restrict the reservoir performances and eventually decrease the uncertainty in EUR.
In addition, the objective function for production optimization should include not only the individual production incremental but also the total production in the field. The economics for an infill drilling should consider total oil incremental in the field not from the infill well alone.
